[1] Considering that past climate changes have significantly impacted groundwater resources, quantitative predictions of climate change effects on groundwater recharge may be valuable for effective management of future water resources. This study used 16 global climate models (GCMs) and three global warming scenarios to investigate changes in groundwater recharge rates for a 2050 climate relative to a 1990 climate in the U.S. High Plains region. Groundwater recharge was modeled using the Soil-Vegetation-AtmosphereTransfer model WAVES for a variety of soil and vegetation types representative of the High Plains. The median projection under a 2050 climate includes increased recharge in the Northern High Plains (þ8%), a slight decrease in the Central High Plains (À3%), and a larger decrease in the Southern High Plains (À10%), amplifying the current spatial trend in recharge from north to south. There is considerable uncertainty in both the magnitude and direction of these changes in recharge projections. Predicted changes in recharge between dry and wet future climate scenarios encompass both an increase and decrease in recharge rates, with the magnitude of this range greater than 50% of current recharge. On a proportional basis, sensitivity of recharge to changes in rainfall indicates that areas with high current recharge rates are least sensitive to change in rainfall and vice versa. Sensitivity analyses indicate an amplification of change in recharge compared to change in rainfall, and this amplification is in the range of 1-6 with an average of 2.5-3.5 depending upon the global warming scenario.
Introduction
[2] The most recent Intergovernmental Panel on Climate Change (IPCC) report noted a comparative lack of studies addressing the effects of climate change on groundwater [Intergovernmental Panel on Climate Change (IPCC), 2007] . This challenge has been taken up by the groundwater research community and has resulted in an increasing focus of study on this topic in recent years [Green et al., 2011; Taylor et al., 2013] , although there still remains many aspects of the climate change effects on groundwater that have not been well studied. The most direct method in which climate change will impact groundwater resources is by modifying the renewable portion of groundwater storage through changes in recharge. Knowledge of future recharge rates is desirable in order to promote proactive management of groundwater, as historical observations may not be an appropriate basis for management under a future climate.
[3] The High Plains Aquifer is a very important source of water for the United States. The High Plains Aquifer is ranked first in terms of volume of groundwater extracted in the United States ; for the year 2000, 16 km 3 was extracted, of which 97% was for irrigation [Maupin and Barber, 2005] . This irrigation water underpins a market value of agricultural products of $35 billion or more than 10% of the national total [National Agricultural Statistics Services, 2011] . However, groundwater extractions currently exceed recharge by up to a factor of 10 in some areas, resulting in depletion of storage mostly in the central and southern High Plains. Depletion has averaged 5.7 km 3 yr À1 since irrigation development began in the 1950s [Scanlon et al., 2012] , making the High Plains a globally significant hotspot of groundwater depletion [Wada et al., 2010] .
[4] Previous studies on climate change and recharge in the High Plains have mainly focused on paleoclimate and how current recharge (particularly in the Southern High Plains (SHP) and Central High Plains (CHP)) is much lower than it has been under past climatic conditions during the Pleistocene [McMahon et al., 2006; Scanlon et al., 2012] . There have only been two previous studies that have investigated recharge under a future climate for the High Plains. Rosenberg et al. [1999] used three global climate models (GCMs) and a variety of global warming and CO 2 concentration scenarios for two river basins in the Northern High Plains (NHP) and CHP to make projections of future recharge in the range of À80% to À1% relative to the historical baseline. Ng et al. [2010] investigated recharge under a 2090 climate relative to a 1990 climate using five GCMs at a point scale in the SHP, projecting changes in recharge of between À75% and þ35%.
[5] Previous studies into the effect of climate change on groundwater recharge in the High Plains did not consider the entire aquifer, and did not have the spatial resolution necessary to compare results between southern, central, and northern subregions. They also did not consider differences between irrigated and dryland agricultural land uses. This study will address these knowledge gaps ; specifically, the aims of this study are (1) to make projections of changes in diffuse recharge under a range of future climate variants for a 2050 climate relative to a 1990 climate for the entire High Plains, including quantification of uncertainty ranges in recharge projections ; (2) to investigate whether the recharge sensitivity to climate change is different under irrigated and dryland agriculture; and (3) to make recommendations for water resource managers to enable effective planning for future water availability.
Background to Study Area
[6] The High Plains Aquifer extends across an area of 450,000 km 2 in the central United States, covering parts of eight states (Figure 1 ). Mean annual rainfall (1982 Mean annual rainfall ( -2011 is 520 mm yr À1 across the region with a summer rainfall maximum and strong rainfall gradient from west to east. In contrast, the temperature gradient is north-south. Mean annual potential evapotranspiration (ET) exceeds mean annual rainfall throughout the region. The general climate change projections from the IPCC [2007] for this region at the end of this century are for an almost linear increase in temperature between 2 and 5 C and for a change in rainfall across the aquifer with an increase in the north and a decrease in the south.
[7] The aquifer system includes late Tertiary and Quaternary age sediments consisting of alluvial, dune-sand, and valley-fill deposits with a maximum thickness of about 200 m [Weeks et al., 1988] . The aquifer is unconfined across its extent, and the preagricultural development depth to water varied from less than 5 m along rivers (predominately in the NHP) up to 100 m for parts of the CHP and SHP [Scanlon et al., 2012] .
[8] The native vegetation was primarily perennial prairie grassland with very few trees. Development of the area began with dryland agriculture in the late 1800s followed by rapid expansion of irrigated agriculture in the 1950s [Colaizzi et al., 2009] ; irrigated land now covers $12% of the region [Qi et al., 2002] . Water for irrigation is sourced from groundwater in the south and central regions and from a combination of groundwater (86%) and surface water (16%) in the north (2005 data, [Kenny et al., 2009] ). If groundwater depletion is spread over the entire High Plains Aquifer, it would result in a mean water table decline of 4.2 m; however, there is almost no depletion in the north, and water table mounds are found near parts of the Platte River, whereas depletion is focused in the CHP and SHP with water table declines of as much as 70 m in Texas [McGuire, 2009] . The spatial variation in storage depletion is primarily controlled by differences in recharge from the NHP to the SHP, which in turn is strongly affected by variations in soil texture [Scanlon et al., 2012] .
[9] The predevelopment recharge for the entire aquifer has recently been estimated using a chloride mass balance technique [Scanlon et al., 2012] . The NHP has the highest recharge of up to 210 mm yr À1 in coarse-textured soils within the Nebraska Sand Hills. Most of the CHP has a recharge rate of 5-25 mm yr À1 with some higher and lower areas associated with different soil textures. The SHP has an average recharge rate of 10 mm yr
À1
, although this occurs predominantly through focused recharge in ephemeral lakes or playas rather than diffuse recharge through the soil matrix (this average recharge rate only applies to part of the SHP as some areas were excluded from the Scanlon et al. [10] Recharge focused through playas in the SHP has been reported as 77 mm yr À1 [Wood and Sanford, 1995] and 60-120 mm yr À1 [Scanlon and Goldsmith, 1997] , and this occurs over the 1.4% of the area of the SHP covered by playas [Ng et al., 2010] . The remaining 98.6% of the SHP contributed negligible amounts of recharge under native vegetation (<0.1 mm yr À1 [Scanlon and Goldsmith, 1997] ).
[11] Agricultural development has resulted in increased deep drainage rates (water flux below the root zone as opposed to recharge at the water table) across the High Plains and has recharged the aquifer in parts of the central and southern High Plains, as shown by rising groundwater levels by up to 23 m [Luckey and Becker, 1999; Scanlon et al., 2005] . Increases in recharge on some other areas may be masked by depletion related to groundwater-based irrigation. Because irrigation is sourced with groundwater, in other areas of the CHP and SHP, rates of water table declines generally exceed the increased drainage rates, and the net impact on groundwater storage is negative. In addition, fine-textured soils and/or deep water tables in many regions could result in lag times of decades to centuries for increased deep drainage to reach the water table and to translate to increased recharge [McMahon et al., 2006; Scanlon et al., 2010b] . It is generally assumed that deep drainage will become recharged, but this is only the case if there is no interflow discharge or perching before the deep drainage reaches the water table. Under irrigated agriculture in the CHP reported deep drainage rates range from 21 to 54 mm yr À1 for Texas [Scanlon et al., 2010b] and western Kansas [McMahon et al., 2003 ] and up to 165 mm yr À1 in eastern Kansas, where rainfall is higher and soil texture is coarser [Sophocleous, 2004] . In the SHP, reported deep drainage under dryland agriculture ranges from 4.8 to 92 mm yr À1 with a median of 21 mm yr À1 [Scanlon et al., 2007] and from 18 to 97 mm yr À1 with a median of 41 mm yr À1 under irrigated agriculture [Scanlon et al., 2010a] , this is an increase over native vegetation, which has negligible diffuse recharge [Scanlon et al., 2007] . A water balance approach was used to estimate recharge and discharge in the Nebraska Sand Hills based on gridded rainfall and ET data [Szilagyi et al., 2011] , and this study found an average recharge rate of 72 mm yr
, which corresponded well with chloride-based estimates.
[12] The objectives of water resources management vary across the different regions of the aquifer. In Nebraska (NHP), the focus is on maintaining baseflow in streams in order to fulfill interstate agreements and protect aquatic habitat for migratory birds [Luckey et al., 2007] . In Texas (CHP and SHP), there is little or no connection between surface water and groundwater, and the water resource is treated as a fossil reserve where there is a planned depletion of storage [Scanlon et al., 2012] . Kansas (CHP) has a mixture of these two extremes, with the west having planned depletion and in the east the priority is stabilizing groundwater levels to maintain stream baseflow [Sophocleous, 2012] .
Methods
[13] The methods used in this study were selected to mirror those used by Crosbie et al. [2013] for investigating climate change impacts on recharge in Australia. This approach was selected in order to allow for comparisons between the current study and the previous study without added uncertainty stemming from methodological differences (comprehensive comparison between results from the High Plains and Australia will be the subject of a future investigation). The method consists of three main steps: (1) point-scale modeling of recharge under historical and future climates using a numerical model; (2) upscaling the point results to the entire High Plains Aquifer; and (3) aggregating the results from the 48 future climate variants down to three so that the results can be communicated effectively.
Point-Scale Modeling
[14] Groundwater recharge was modeled using a slightly modified version [McCallum et al., 2010] of the WAVES model [Zhang and Dawes, 1998 ]. WAVES is a soilvegetation-atmosphere-transfer model that achieves a balance in its modeling complexity between carbon, energy, and water balances [Zhang and Dawes, 1998 ]. Its ability to simulate plant physiology allows changes in temperature and CO 2 to impact transpiration, and therefore recharge. It uses the Penman-Monteith equation [Monteith, 1965] for simulation of the energy balance, and this allows ET to be affected by dynamic vegetation growth responding to availability of water, nutrients, and light [Wu et al., 1994] . WAVES uses Richards' equation for modeling unsaturated flow, which has the advantage of allowing water movement to be simulated under relatively dry conditions [Scanlon et al., 2002] . WAVES has been shown to be able to reproduce measured field data in a variety of environments [Zhang et al., 1996 [Zhang et al., , 1999 Wang et al., 2001; Crosbie et al., 2008] and has previously been used in modeling recharge under future climate scenarios [Green et al., 2007; Crosbie et al., 2010b Crosbie et al., , 2013 . WAVES has also been shown to perform similar to three other hydrological models with different conceptualizations (WAVES-C, HELP, and SIMHYD) in a comparison study of the climate change impacts on recharge [Crosbie et al., 2011] .
[15] WAVES requires three main data sets : climate, soils, and vegetation. The upper boundary condition is forced with climate data and the lower boundary condition is free drainage, consistent with previous studies of the impact of climate change on recharge [Green et al., 2007; Crosbie et al., 2010b Crosbie et al., , 2013 . Drainage below the base of a 4 m soil column is assumed to become groundwater recharge ; this is considered potential diffuse recharge. It is assumed that the water table is deeper than 4 m and does not affect the assumption of the free draining lower boundary condition. Localized recharge and the time lag between deep drainage (below the root zone) and recharge (at the water table) [Cook et al., 2002] is not considered in the present analysis. Under predevelopment conditions, there is no doubt that localized recharge was dominant in the SHP [Gurdak and Roe, 2010] . However, under the current land use, this is not the case. The field estimates of deep drainage beneath different land uses allow us to calculate an approximate areal recharge rate for predevelopment and postdevelopment cases for the SHP (Table 1 ). This simple analysis shows that focused recharge beneath playas was 92% of areal recharge under the predevelopment case but only 8% of areal recharge under the postdevelopment case. As we did not have a predevelopment scenario in the modeling for this paper, the assumption of diffuse recharge is valid, even for the SHP.
[16] Point-scale modeling was conducted at 17 sites across the High Plains (Table 2 and Figure 1 ) selected to cover the rainfall gradient ( Figure 2 ). The historical climate (30 year period from 1982 to 2011) was used as a baseline and assumed to be representative of a 1990 climate. For each of the 17 points, daily rainfall and minimum, maximum, and dew point temperatures were obtained from the National Climate Data Center (http://www.ncdc.noaa.gov/). (All precipitation was input into WAVES as rainfall, and snowmelt processes were not considered). The temperature data were then used to calculate the vapor pressure deficit (VPD) as used by WAVES. The other climate variable needed by WAVES is solar radiation, which was obtained from National Centre for Atmospheric Research/National Centre for Environmental Prediction (NCAR/NCEP) reanalysis data [Kalnay et al., 1996] . The 30 year climate time series was repeated in the model input files to create a 60 year time series. The first 30 years of the simulation were discarded as a model spin-up period, and the results were reported for the second 30 year period. Atmospheric CO 2 concentration for the historical baseline period was assumed to be a constant 353 ppm, as observed in 1990 [IPCC, 2007] . A constant was used rather than a time series, as the modeling undertaken here is investigating a projected 2050 climate relative to a 1990 climate rather than a transient projection. Similarly, the simulated recharge represents recharge under a 2050 climate relative to recharge modeled under a 1990 climate, as opposed to recharge modeled in 2050 relative to 1990. The distinction here is that a transient projection is not being made and therefore the time lags associated with the change in recharge are not considered.
[17] The future climate global warming scenarios were inferred from the IPCC [2007] to represent the range of Special Report on Emission Scenarios (SRES) scenarios [Nakicenovic and Swart, 2000] . Three scenarios for a 2050 climate relative to a 1990 climate were used:
[18] (1) [21] The use of three global warming scenarios combined with 16 GCMs was an attempt to incorporate as much uncertainty in climate projections as possible into the recharge projections [Crosbie et al., 2011; Holman et al., 2012] . These 16 GCMs were selected because they had daily data archived by the World Climate Research Programme's Coupled Model Intercomparison Project phase 3 (CMIP3) multimodel data set [Meehl et al., 2007] and are the same 16 GCMs as used by Crosbie et al. [2013] . The CMIP3 model data were used rather than the CMIP5 model data to enable a comparison to previous work.
[22] A time series of climate variables for the future climate scenarios was derived from the 16 GCMs (Table 3) using the daily scaling method of Chiew et al. [2009] . The daily scaling approach is relatively simple and was used because it produced results in between the range of two more sophisticated approaches [Crosbie et al., 2011] . The reader is referred to Chiew et al. [2009] for full details of the daily scaling methodology as only a brief summary is presented here. Archived monthly simulations from the 16 GCMs were analyzed to estimate the change in rainfall, temperature, humidity, and solar radiation per degree of global warming on a seasonal basis. The percent changes in the climate variables per degree of global warming for each of the four seasons from the 16 GCMs were then multiplied by the three levels of global warming to obtain 48 sets of ''seasonal scaling'' factors. These seasonal scaling factors were then used to scale the historical daily climate data from 1982 to 2011 to obtain 48 future climate variants, each with 30 years of daily climate data. The future VPD was calculated from the future humidity and temperature data. The temporal sequencing of rainfall remains from the historical time series, but changes in the daily rainfall intensity were then taken into account by scaling different rainfall amounts differently (i.e., generally increased rainfall intensity for the 2050 climate compared to the 1990 climate).
[23] The soil data required by WAVES are the soil moisture and hydraulic conductivity characteristic curves using the functions of Broadbridge and White [1998] . These data were inferred from information from the State Soil Geographic ( Table 2 . Mean Annual Rainfall (P) and Potential Evapotranspiration (PET) [Allen et al., 1998] content data layer was used to classify the High Plains into 10 soil classes ( Figure 2 and Table 4 ), and the soil textural and hydraulic conductivity variables were used to create the WAVES input files. The STATSGO soil profiles were simplified to be homogeneous and isotropic within each of the 10 classes. Considering that the average percentage of clay content of a soil profile has been shown to be a good correlate for recharge [Wohling et al., 2012] , the profile homogenization is a reasonable simplification.
[24] The land use/land cover (LU/LC) types modeled for this study are dryland (or rainfed) cropland, irrigated cropland, and perennial grasses. Model parameters for all LU/ LC types were obtained from the WAVES User Manual, which in turn are based on diverse information sources on plant physiology [Dawes et al., 2004] . The same parameters were used for both dryland and irrigated crops, representative of an annual C4 crop; the difference between them is the addition of 300 mm yr À1 of irrigation water applied in equal increments each week throughout the growing season. The amount and distribution of applied irrigation water is the same for the historical and future climate scenarios as we are not simulating irrigation scheduling or improved water management through new technologies. Under a future climate, irrigation amounts applied could be higher due to atmospheric demand or could be lower due to efficiencies of CO 2 fertilization and improved irrigation technologies. The applied irrigation is considered as a hypothetical scenario so that the effect of climate change upon recharge can be investigated without the added complexities of irrigation management; however, the applied water is within the range of published annual irrigation amounts throughout the High Plains [McMahon et al., 2006] .
[25] Only a narrow range of LU/LC types were used here because field estimates of recharge do not support the use [Petheram et al., 2002; Scanlon et al., 2006; Crosbie et al., 2010a; Kim and Jackson, 2012] . The extremes of LU/LC types for recharge would be bare soil and forests, neither of which occupy a significant proportion of the High Plains (0.1% and 0.8%, respectively [Homer et al., 2007] ). Although both C3 (e.g., wheat) and C4 (e.g., corn, cotton) crops are sown in the High Plains, we do not have enough information on the differences in recharge between them to justify more classes of LU/LC (see supporting information Figures S1 and S2).
[26] WAVES was used to model recharge for every combination of the 17 climate stations, 10 soil classes, three LU/LC types, and 49 climate scenarios for a total of 24,990 model runs.
Upscaling
[27] The point-scale modeling in WAVES was used to create a relationship between mean annual rainfall and mean annual recharge for every combination of climate, soil, and vegetation using the results from the 17 climate stations. The form of the relationship was a power function that was fitted using a least squares routine. where R s is mean annual recharge (R) under a given scenario (s), P s is mean annual rainfall (P) under a given scenario, and a and b are fitting parameters.
[28] This set of regression equations was used to upscale the point recharge estimates to an aquifer recharge raster at a grid resolution of 1 km using a raster of mean annual rainfall, soil type, and vegetation type as covariates (Figure 2) . The historical baseline rainfall raster was obtained from PRISM (PRISM Climate Group, Oregon State University, http://prism.oregonstate.edu/), the soils raster was derived from the STATSGO map [NRCS, 2006] , and the vegetation raster was reclassified from National Land Cover Data (NLCD 2001) [Homer et al., 2007] with irrigated land coverage from Qi et al. [2002] spliced in. These disparate data sets have been rescaled to a common grid size of 1 km from 1:250,000 for the soils, 4 km for rainfall, and 30 m for vegetation and irrigation. Limitations on the appropriate scale of use of the results is based on the coarsest data set (soils), which should not be used below a county scale [NRCS, 2006] . The finest scale reported in this paper is at a state scale.
[29] The process of upscaling produced one historical baseline aquifer scale recharge raster and 48 recharge rasters for the future climate variants. Results are presented as future climate scenario recharge (R s ) relative to the historical climate recharge (R h ) as a recharge scaling factor for a given scenario (RSF s ) [Crosbie et al., 2010b] :
3.3. Aggregation
[30] The 48 future climate variant RSF rasters represent the uncertainty in the projection of the change in recharge for a 2050 climate relative to a 1990 climate due to different magnitudes of global warming in 2050 and differences among GCMs (although there are other sources of uncertainty, such as downscaling, that are not addressed here). These 48 variants were fitted to a Pearson Type III distribution by global warming scenario at the grid cell scale, and the method for fitting the probability distribution is detailed in Crosbie et al. [2010b] and is not reproduced here. The Pearson Type III distribution was chosen as it has the ability to fit a distribution to skewed data, and Crosbie et al. [2010b] demonstrated that this distribution can adequately fit the RSF data used here. The distribution requires three parameters (mean, standard deviation, and skewness) to be calculated from the 16 RSF rasters at a grid cell scale (1 km).
[31] The 10, 50, and 90% exceedances from the probability distribution fitted to the data from each of the three global warming scenarios were selected for reporting the results to be consistent with previous work [Crosbie et al., 2010b [Crosbie et al., , 2013 . These nine points extracted from the three probability distributions have been further summarized down to just three future climate scenarios: a dry future climate is defined, for each grid cell, as the minimum of the 90% exceedance of RSF from the three global warming scenarios; the median future climate is defined as the median of the 50% exceedance from the three global warming scenarios; and the wet future climate is defined as the maximum of the 10% exceedance of RSF from the three global warming scenarios. These three summary scenarios represent the middle projection from the probability distributions (median future climate) and two projections from opposite tails of the distributions (wet and dry future climates).
Recharge Sensitivity to Climate Change
[32] The relationship between the change in mean annual recharge and the change in mean annual rainfall was evaluated in order to investigate sensitivity of recharge to climate change for the different vegetation types. The slope of this relationship represents the sensitivity of recharge to a change in rainfall, and the intercept of this relationship shows the sensitivity of recharge to all the other variables excluding the change in mean annual rainfall (e.g., changes in rainfall intensity, temperatures, CO 2 fertilization, etc. [Crosbie et al., 2010b ).
[33] These relationships can be investigated at the point scale using the WAVES simulations and can also be investigated at the scale of the entire aquifer using the recharge raster maps. At the point scale the change in rainfall and recharge is plotted for a particular combination of climate station, soil type, and vegetation type for each global warming scenario using the 16 GCMs, and a linear Classes are as shown in Figure 2 . (k is saturated hydraulic conductivity of the soil, and AWC is plant available water capacity.) regression line is fitted to the data points to calculate the slope and intercept. At the scale of the entire aquifer the relationships are developed at a grid cell scale in the same way as the point scale using rasters from each of the 16 GCMs for each global warming scenario.
Uncertainty
[34] Each step in the modeling chain has considerable uncertainty, and these uncertainties propagate through to the final results. The point-scale modeling of historical recharge has a similar uncertainty to the field recharge estimates [Crosbie et al., 2010a [Crosbie et al., , 2010b , which can be mitigated by constraining the modeling results with field-based estimates. As the future climate results are reported relative to the historical baseline climate, uncertainty due to the unknown recharge under the historical climate is minimized, provided the historical climate results are consistent with field observations. Similarly, the upscaling method used will not introduce significant additional uncertainty, provided the regression fits are similar between the historical and future climates as the results are reported as recharge under future climate relative to historical climate. The major source of uncertainty in the future projections of recharge is from the GCMs projections of the future climate [Crosbie et al., 2011] , which can be taken into account by using as many different GCMs as possible. Downscaling of the future climate from the GCMs is also a source of uncertainty in the recharge projections [Holman et al., 2009; Mileham et al., 2009] but less than the uncertainty due to the GCMs themselves [Crosbie et al., 2011] . The selected downscaling method preserves the average changes from the GCMs while performing within the range of more sophisticated methods [Crosbie et al., 2011] . The final results are presented as a wet, median, and dry future recharge, which uses uncertainty in the projections to present a simplified range of results that are readily understood.
Results

Baseline Historical Recharge
[35] Recharge from the historical climate simulations in WAVES was summed for the 30 year period 1982-2011 and used to produce relationships between mean annual rainfall and mean annual recharge for every combination of soil and vegetation (e.g., Figure 3) . In all cases, these relationships are statistically significant (p < 0.05) with a mean r 2 of 0.79 (the complete list of regression equations is provided in supporting information Table S1 ). The trends show expected relationships between recharge and rainfall (positive correlation), soil texture (higher rates under coarser-textured soils), and vegetation (lower recharge rates under perennial vegetation). These relationships were used to create the historical recharge raster that was used as a baseline to compare the future climate recharge.
[36] The historical climate baseline raster (Figure 4 ) produces spatial trends that are consistent with previously published recharge estimates for the High Plains. In areas of perennial vegetation, it is most appropriate to compare the current recharge map with that produced by Scanlon et al.
[2012] for a predevelopment case, and in both maps the highest recharge is in the NHP associated with coarsetextured soils, the lowest recharge in both cases is in the CHP and SHP associated with fine-textured soils (the current map is lower in the SHP than the areas covered by the Scanlon et al. [2012] recharge map for perennial vegetation because only diffuse recharge is simulated and focused recharge beneath playas is omitted). For the NHP, the recharge map of Szilagyi et al. [2011] is not directly comparable to the map produced in this study due to different definitions of recharge, but in both cases there is a very strong west to east recharge gradient associated with the rainfall gradient. The recharge under annual and irrigated vegetation in the CHP and SHP is much greater than under perennial vegetation consistent with field measurements [McMahon et al., 2003; Scanlon et al., 2010a Scanlon et al., , 2010b and highest recharge in the High Plains is in eastern Nebraska and eastern Kansas associated with irrigation on coarsetextured soils.
Future Recharge Projections
[37] Projections of changes in rainfall among the various GCMs differ (supporting information Figures S4-S6 ) but do show a general trend with more than half of the GCMs projecting an increase in rainfall for the NHP, and very few GCMs projecting an increase in rainfall for the SHP (Figure 5 ). The trend with increasing global warming is for Figure 3 . Mean annual recharge simulated using WAVES for the historical baseline scenario for three soil classes (the other seven soil classes are shown in supporting information Figure S3 ) and three LU/LC types at each of the 17 climate stations. Also shown are curves fitted through the 17 data points used for upscaling point-scale recharge. rainfall projections to diverge from the historical rainfall ; the range between the highest and lowest projections increases with increasing global warming. For the NHP the median (range) of the 16 GCMs is for 1% (À7% to þ5%), 2% (À11% to þ9%), and 3% (À16% to þ12%) increase in rainfall for the low, medium, and high global warming scenarios, respectively. For the CHP, the median (range) projections for the same scenarios are for a 2% (À9% to þ3%), 4% (À15% to þ5%), and 5% (À21% to þ7%) reduction in rainfall, and for the SHP, a 5% (À10% to þ3%), 8% (À15% to þ5%), and 11% (À24% to þ7%) reduction in rainfall.
[38] The future climate WAVES simulations were treated similarly to the historical climate model runs in developing relationships between average annual rainfall and recharge, and in all cases, the relationships are statistically significant (p < 0.05; mean r 2 of 0.79, the full list of regression equations is given in supporting information Table S1).
[39] The trend for future recharge projections differs from the trend of the future rainfall projections. For the low global warming scenario, more than half of the GCMs project an increase in recharge and with increasing global warming progressively fewer GCMs project an increase in recharge ( Figure 5 ). For the high global warming scenario, only the northernmost part of the aquifer has more than half of the GCMs projecting an increase in recharge. The same trends can be seen when evaluating the individual GCMs (supporting information Figures S7-S9 ).
[40] After the individual RSF rasters for each GCM and global warming scenario were fitted to the probability distributions, some very clear trends between RSF values and global warming scenarios emerged (Figure 6 ). For the 90% exceedance for the low global warming scenario, the RSF projections for the majority of the aquifer are not statistically significant ; however, with increasing global warming the 90% exceedances become statistically significant for most of the aquifer. For the medium and high global warming scenarios, RSF progressively decreases in magnitude compared to the low global warming scenario, indicating decreasing recharge. For the 50% exceedance of the low global warming scenario, recharge is projected to increase throughout most of the aquifer. For the medium global warming scenario, most of the aquifer does not have a statistically significant change in recharge, except for the very northern part of the aquifer with an increase in projected recharge and some parts of the south with a decrease in projected recharge. For the high global warming scenario and 50% exceedance, the majority of the north of the aquifer does not have a significant change in projected recharge, and most of the CHP and SHP have a statistically significant reduction in projected recharge. For the 10% exceedance for the low and medium global warming scenarios, all the aquifer has a projected increase in recharge, and the high global warming scenario continues this trend but with an increase in the area that does not have a statistically significant change in projected recharge. Overall, the trends shown here are for a greater reduction in recharge with increasing global warming for the 90% exceedances, an increase in recharge for the 50% exceedance for the low global warming scenario and then a progressive reduction in recharge with increasing global warming, and for the 10% exceedance increases in recharge are projected with only small changes in the magnitude of the change in recharge with increasing global warming.
[41] The results from fitting the RSF rasters to the probability distributions have simplified down to just three scenarios: dry, median, and wet ( Figure 6 ). For the dry scenario, recharge is projected to decrease over the entire aquifer with a trend toward progressively greater reductions from north to south. For the median scenario, recharge is projected to increase in the NHP and decrease over most of the CHP and SHP. For the wet scenario, recharge is projected to increase over the entire aquifer.
[42] At a regional scale, the NHP has a median RSF projection of 1.08, ranging from 0.76 for the dry scenario to Figure 6 . Results of fitting the RSF rasters to a Pearson type III probability distribution showing the 10, 50, and 90% exceedances for the three global warming scenarios and the aggregated wet, median, and dry projections for RSF. Black areas represent statistically insignificant changes in recharge.
1.32 for the wet scenario (Table 5 ). The CHP has a median RSF projection of 0.97, ranging from 0.63 for the dry scenario to 1.23 for the wet scenario. The SHP has a median RSF projection of 0.90 ranging from 0.50 for the dry scenario to 1.25 for the wet scenario. At a state scale, the results are similar with all states having a range in RSF projections that encompass both increases and decreases in recharge and for the median scenario a general progression from the greatest increases in recharge in the north and the greatest decreases in recharge in the south. For the median scenario, recharge is projected to increase in four states (SD 1.14, WY 1.15, NE 1.09, and CO 1.02) and decrease in the other four states (KS 0.99, OK 0.96, TX 0.91, and NM 0.88).
Recharge Sensitivity to Climate Change
[43] The sensitivity of recharge to climate change was evaluated by investigating the relationship between the change in rainfall and the change in recharge. To do this, three sites were selected to cover the range of climate and soils in the High Plains: Valentine, NE, on soil 1 (sand); Cheyenne, WY, on soil 5 (loam); and, Amarillo, TX, on soil 10 (clay-loam). The baseline recharge at these sites follows the trend with soils and vegetation, with the highest recharge in coarse-textured Valentine sandy soils: 336 mm yr À1 in irrigated annuals, 212 mm yr À1 in dryland annuals, and 61 mm yr À1 in perennials, followed by Cheyenne loamy soil with 128, 37, and 4 mm yr À1 and Amarillo with clay-loam soils with the lowest baseline recharge with 11, 8, and 0.2 mm yr À1 .
[44] There is a general trend across all three sites for the slope of the mean annual rainfall versus mean annual recharge to decrease with increasing recharge (Figure 7) . The trend in the slopes is most evident at the Valentine site; the irrigated vegetation case has a slope of 1.18, the annuals 1.46, and the perennials 2.56 for the high global warming scenario. This represents the sensitivity of recharge to a change in rainfall, a slope of 2 means that for every increment of 1% change in rainfall there is a 2% change in recharge.
[45] The differences in the intercept of the relationship is most evident at the Cheyenne site, the low global warming scenario has the highest intercept for each vegetation type, and the intercept decreases with increasing global warming. The intercept in this relationship is the total sensitivity of recharge to all other variables that are not represented by the change in mean annual rainfall ; this includes changes in rainfall intensity and seasonality, vegetation water use efficiency through changes in temperature, and the CO 2 fertilization effect, and also changes in potential ET (PET) having an impact upon actual ET.
[46] There is nothing specifically different about the sensitivity of recharge to climate change for the three LU/LC classes investigated. For the irrigated annuals case ( Figure  7) , it can be seen that the Valentine site has the shallowest slope and the Amarillo site has the steepest slope. This is demonstrating the inverse relationship between the sensitivity of recharge to a change in rainfall and the historical baseline recharge (Valentine has the highest baseline recharge and Amarillo the lowest). Further evidence for this is seen as the slopes for all three LU/LC classes are greater at Cheyenne than Valentine.
[47] These relationships between the change in rainfall and recharge can also be evaluated on a spatial basis (Figure 8) . The same trends are evident at the spatial scale, as were seen at the point scale. The slope is lowest in areas of high recharge, is highest in areas of low recharge, and decreases slightly with increasing global warming. The intercept clearly decreases with increasing global warming.
Discussion
Relationship Between Recharge and Global Warming
[48] Model results show a trend with projected increases in recharge for the low global warming scenario and then a reduction in recharge with further increases in global warming that is not related to changes in rainfall. This result seems counterintuitive and needs further exploration. Previous studies where an increase in recharge was projected from a decrease in rainfall have invoked a variety of possible causes, including increased rainfall intensity , changes in wet/dry spell duration [Green et al., 2007] , changes in the time required for annual vegetation to complete their life cycle [McCallum et al., 2010] , and reductions in leaf area index as vegetation is extended outside of its optimum temperature range [McCallum et al., 2010] . These mechanisms are not (wholly) responsible for the results seen here as the increase in recharge is dependent on the magnitude of the projected global warming and not forming a linear trend with increased global warming as seen in the previous studies.
[49] To investigate this further, changes in the climate inputs to WAVES were analyzed for each global warming scenario for the three climate stations used previously: Valentine, Cheyenne, and Amarillo ( Figure 9 ). For the rainfall, Amarillo has a decreasing trend in the median of the 16 GCMs with increased global warming, Valentine has an increasing trend, and Cheyenne has no trend, and all three sites show greater variability among GCMs with increasing global warming. For both minimum and maximum temperatures, all three sites have the same trend with an increase in temperature with increasing global warming. Analysis of the VPD shows a decrease in VPD for the low global warming scenario, for all three sites, and an increase in the VPD with the medium and high global warming scenarios. This is attributed to a general increase in relative humidity (RH) across the 16 GCMs, for the low global warming scenario, the increased temperatures are not sufficient to offset the increased RH and so the VPD decreases, for the medium and high global warming scenarios, the increased temperatures result in an increase in VPD despite the increased RH. The solar radiation only changes slightly with increased global warming for all three sites.
[50] Since the WAVES model uses the Penman-Monteith equation [Monteith, 1965] for ET, we can use a variant of this model to investigate the changes in PET using the FAO56 reference ET (ET 0 ) [Allen et al., 1998 ] as a common method across climate scenarios. The equation is:
where R n is net radiation, G is soil heat flux, T is mean daily temperature, u 2 is wind speed at 2 m height, e s is saturation vapor pressure, e a is actual vapor pressure, (VPD ¼ e s -e a ), Á is slope of the vapor pressure curve, and is the psychrometric constant (the reader is referred to Allen et al.
[1998] for a thorough description of this equation and its parameters). Relationship between a change in mean annual recharge relative to a change in mean annual rainfall for three locations with three different LU/LC for three global warming scenarios (low, medium, and high) using 16 GCMs. The black dashed line on each plot is a 1:1 line for reference. Figure 8 . The slope and intercept of the relationship between a change in rainfall (dP) and a change in recharge (dR) at a grid cell scale for the entire High Plains. The slope is the sensitivity of recharge to a change in total rainfall and the intercept is the sensitivity of recharge to all other variables excluding the total change in rainfall. [51] Changes in PET across all three sites show the same trend as VPD, a decrease for the low global warming scenario and then an increase with further increases in global warming (Figure 9 ). Although the radiation and temperature both appear in equation (3), it is the changes in VPD that dominate the changes in PET and consequently affect recharge. Although annual PET changes may not be expected to affect recharge because annual PET is much greater than precipitation, it may have significant influence on daily scales by reducing the number or extent to which rainfall events temporarily exceed PET.
[52] One previous study from Uganda [Kingston and Taylor, 2010] showed increases in recharge (baseflow) with low levels of global warming and then decreases with higher global warming. The mechanism described for the initial increases in recharge with low global warming and then decreases with further global warming in Uganda differ from that shown in this study in that seasonality of projected rainfall in Uganda changed from a historical bimodal system to a unimodal system.
Comparison With Previous Studies in the High Plains
[53] Two previous studies investigated recharge under a future climate in the High Plains. Rosenberg et al. [1999] used three GCMs in the NHP and CHP and for all scenarios considered, a reduction in recharge was projected (up to À55% in the NHP and À77% in the CHP). This is considerably different to the results shown here, where the range of projections for the NHP and CHP cover both increases and decreases in recharge with a median case of a small increase in recharge for the NHP and an even smaller decrease in the CHP. This difference in results can be mainly attributed to the choice of GCMs used in each study. GISS is the only common GCM used between the Rosenberg et al. [1999] and the current study, but the data used are several generations apart. Figure 5 shows that it is possible to select three of the GCMs used in this study and obtain the result where all scenarios project a decrease in recharge. Another possible cause of the difference in results is due to model structure. Soil Water Assessment Tool (SWAT) [Arnold et al., 1998 ] and WAVES are very different models, but that has yet to be shown to be significant in projecting climate change effects on recharge [Crosbie et al., 2011] .
[54] The other study was conducted at a point scale in the SHP using five GCMs chosen to cover the range of CMIP3 projections [Ng et al., 2010] . That study was consistent with this study in projecting future recharge (for 2090) in a range that encompasses both increases and decreases in recharge with a range of À75% to þ35% compared to the results shown here (for 2050) for the SHP as a whole of À50% to þ25%. The Ng et al. [2010] study would be expected to produce more extreme results than the current study as it is projecting further into the future, and the summary results from this study are based on 10 and 90% exceedances and not the full range of results.
[55] The advantages of the present study are that we have made projections for the entire High Plains Aquifer in a consistent way at a spatial resolution that allows local scale differences to be evaluated and therefore used by water managers.
Implications for Water Resources Management
[56] The highly uncertain projections for future recharge in both direction and magnitude of change mean that making specific recommendations for groundwater management is difficult. For the areas in the CHP and SHP where the current groundwater management is focused on planned depletion of storage, then the impact of changes in recharge upon water resources management will be minimal. Although the median projection for these areas is for a reduction in recharge, due to the thick unsaturated zone, these changes may not affect the water table for decades or centuries [McMahon et al., 2006] . In the NHP, where the management goal is maintaining base flow, the median projection for a small increase in recharge would provide an increase in the availability of water that could aid in maintaining groundwater levels at their present elevation.
[57] Due to the uncertain nature of future groundwater recharge rates under climate change, water resource management decisions based on deterministic projections are not recommended. Rather, probabilistic projections using the probability distributions fitted to the RSF rasters for given values of RSF allow the likelihood of changes with potential management consequences to be assessed [Crosbie et al., 2013] . For example, in areas where groundwater extractions are limited by water inputs then a 20% decrease (RSF ¼ 0.8) in recharge could lead to a reduction in water allocations, and conversely, a 20% increase (RSF ¼ 1.2) in recharge could lead to an increase in water allocations. The probability of exceeding a RSF of 0.5, 0.8, 1.0, and 1.2 has been evaluated for the high global warming scenario (Figure 10 ) and the average results reported for each region and state (Table 6) .
[58] For most of the High Plains, there is greater than a 90% probability of exceeding a RSF of 0.5 (half the historical baseline), it is only Texas and New Mexico that have a greater than 10% probability of not exceeding a RSF of 0.5 (Table 6 ). For a RSF of 0.8, there is an 80% probability of exceedance for the NHP but less than a 50% probability of exceedance for the SHP. The probability of exceeding a RSF of 1.0 is the probability of an increase in recharge under a future climate; it is only the three northern most states (SD, WY, and NE) that have a probability of greater than 50% for an increase in recharge. None of the regions or states considered has a probability of greater than 50% of exceeding a RSF of 1.2.
Conclusions
[59] The aims of this study were threefold: (1) to produce projections of the change in recharge under a 2050 climate relative to 1990 climate, (2) to investigate whether the sensitivity of recharge to climate change differs under different vegetation types, and (3) to provide the findings in a way that is useful for water resources management. Each of these objectives has been met through consideration of 48 different projections of future recharge derived from climate projections produced by the 16 GCMs and three global warming scenarios. These scenarios provided atmospheric boundary conditions for point-scale numerical modeling in WAVES, the results of which were upscaled to the entire aquifer. These have been simplified to three scenarios to enable the results to be communicated to water resource managers in a meaningful way.
[60] (1) For the NHP, the median projection is for a recharge scaling factor (RSF) of 1.08 (an 8% increase in recharge) with a range between the dry and wet scenarios of 0.76 and 1.32, respectively.
[61] (2) For the CHP, the median projection is for a RSF of 0.97 with a range between the dry and wet scenarios of 0.63 and 1.23, respectively.
[62] (3) For the SHP, the median projection is for a RSF of 0.90 with a range between the dry and wet scenarios of 0.50 and 1.25, respectively.
[63] Results show that vegetation is not necessarily a strong determinant of the sensitivity of recharge to climate change as sensitivity differs based on the amount of historical baseline recharge and not necessarily vegetation type (although vegetation type is a strong determinant of historical baseline recharge). Sensitivity of recharge to changes in rainfall is least for high baseline recharge and greatest for low baseline recharge. Sensitivity is greater than one, meaning that there is an amplification with greater changes in recharge than changes in rainfall. A surprising result was that in this water-limited environment (PET>>P), the change in recharge under a future climate is also quite sensitive to a change in PET. There is a general decrease in PET for the low global warming scenario that led to increases in recharge in many cases and then with further increases in global warming PET increased and caused a reduction in recharge.
[64] Overall, the projections of future recharge for the High Plains encompass both increases and decreases in recharge, meaning that management responses will need to be flexible enough to account for the uncertainty in recharge projections. 
